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WE . FHHBFEE YA H R M A, 37 4 F 4 # (non-negative matrix factorization, NMF) H s Z B G X XM EF 3 7
JEEA, EREE-WNMFHEELELATHARERE, FENMF EZE AR BWREH TR AATAE LRI R
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AU BEE RN EEE, FUAXEN —#HEAFAEN NMF iR ERRLEE %, ZEEHERX S ER K £ A
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BEE 5 BB AR Y QR i, B T R A 28 2 B AR AT, Qo] TG b X VAR S B AT A RO 42 1 A
FEFE RN Z — . R R — H ML 2= 2 B U R B 42 4 4 40 B ) = 5 A R 4y, O B
B HLAR 7 > v R e 2 MR 2 — o BRI H AR & BB 4 b 9 AR e 41t mT DL e ON KT G 4y
) Sl A v E PN X G AR e AR AR L R D) 1 %o G R AL T AN . R SR 2 e T R IR 1 v A
S5 OB AT A AR 53 A DL RO BE AT R 4 SR T . W B R ER BT A iR S, W K-means
SR BT R RIS A DBSCAN S B6F M A% 19 R F 1%, I GRIDCLUS $53 5 3 F 2 i &
HKELTE U0 SLINK FIE5 45, GBI 0 HUAS R 2 507 B HE A A A B i 2% R R RS 3 Bt el 1% 3 2%
BRI B BF AR . B A o B 7 X B AT SE . BT & TR 2 A R R 4l R 2R 0. L
43 53t (principal component analysis, PCA)"" | % {4 23 fi# (singular value decomposition, SVD)"/ 4 iy T &
BRI H LAAE TR O SR A7, IR e Lee 25 A" 48 3 AR 67048 5 2 (non-negative matrix factorization,
NME) 83 HNAF 5 BLSEAE B0, R Sy 28 38 40 fift 5 49 30 0 A AR Ry IR B S 15 o 1 81 50l 42 B 46 O S B O 1 T
il BEE

SR 5 B — 1Y SRR TR A AR AR AR B R 1 Jmy R AN [] (7% 2R 206 580 vk o A ) B3 4l 46 ik A SR 2S ml B 25 77 AR B K1)
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2 G T B B 14 2 0K 0 4, O LRI R0 (L 3 T R M B AT R A . A SO R STREL AR . D AT
3 14 2 U P A R I IR il R AT J2 U S 23 AT LA A S 6 v P I ) e T L S o A
{H32) KA R 26 Y NMF 5303 A7 8 B I8 3 % A ] 77 3 I A0 3R 21 45 2R A (O £ I AT SRR R 1k A il | L
FE T 53 X A 3 P A A9 B2 00 5 3) M) T T 90 1T A — S0 o 8 R S80I ) A AR R R A A Dy R e s AR IR R
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1 HEXHAR

H AT T NMF 595 R A0 0 58 45 A A A R 09 PE SR s A5 . 4 iF 52 JE 94U % 43 ##% (orthogonal non-negative
matrix factorization, ONMP)#3E] 5 K-means 2 52 M 1F 58 % #1 JE 1156 15 43 % (orthogonal symmetric
non-negative matrix factorization, OSNMF) % 3iF BH 5 % 5 26 2 ) 5 #5526 17 56 5 49 it (projective NMF) J5
PRI R B — AR A A B e G 38— A I A T T SRR T 8 ) SR A R B ] A 2% B AR
5 B T 85 Al T W 43 A 7 vk AE AR BRI D T Bk, BRI 92 R ik e 2D A (B MBSO o A s A% AR B BE A i
(Kerne-NMPF) 5 i 1 BAR A AR PS5 KB o C O MISE MR S o (o ) oo )M, T 25 5 R 1 4 it
J& B FHE B AR Kernel-NMF J5 1k B A X 458 1E 6 B A A B AT 29 0 47 76 5 B M 265 25 1 ) JBE 5 I A1 3 A 6
F Iy 2 A I 1R A AR U B A i (NMF-LCAG) ) 1% 5 1 B 8 2 BB W 7 O O T 465 40 . {E 2 S0 00 285 SR O
SRR T BN R B AR A s 5 R B Y S 3 A BE A B T AR E 45 3R 5 XU IE 1E 0 Ak 9 JE 67 R [ 43 i (DMIR-
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2.1 BRE%E

i )2 R B2 (hierarchical clustering) f B A8 X 440 1 iy A B9 B8 PR AT AL 38, A5 91 T — A 2 R 2677,
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PEATGETE ] AT LA BB A JE R 43 LR o 85 SR AR O B R 9 BB . BN A 1 A B RO 4R L Xz s
AR AT R R IR B AL L B — SE R A S 25 1) B R g b AR B QIR 2) 7T LAYE R 31 8008 48 19 2 IR a5 1 L o 15
IR R BRI k.
BRI ABAE R D I ARl n BEAR ()0, VR BREBER MR M T
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2. IR PIHE Z A B9 R R, W] LR B BE B B /N 2 2R o) Ml ey
3. BIHE ¢ Mey 5 1A
until s 7% BB E 9 B (H B A ARREABEER N 1 R

el
B1 BXMS>PEENREHES B2 mEBBEENEREQHIRE
Fig. 1 The toy data set which shows a very clear hierarchical division Fig. 2 Hierarchical tree of toy dataset
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Fig. 3 General structure of bipartite graphs
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3 HEXR

3.1 RIEHE

B ST AE 5 AN B 8 EJEAT 40 3 COTL20 $Udi e | YaleB32 $u4i £ | USPS $# %" .Flowers17
BT F MNIST $ifis 8657 . COIL20 ¥R 8% 20 MWy 42, 44 %F 4 72 R L 36 360 3K 1, Ak
/N7 64X 64 1R, YaleB32 B AL 38 A A2 50 59 M B RN 3232 {8 3. USPS #dls
BEAE 10 MECF T BRG] 200 3K, B R R/ANH 18X 1818 K . Flowers17 R £ 5 17 Fifl G fEH
80 W& 181 J o Bl i R AR —, MNIST B A& 10 A2801,5 000 M E A B KN E 28 X 28 K,

SEES A XTGBT B — B2 NMF 8 3% | K-means 8 3% 35 B8 2880 3% M 4E LAY self-paced clustering
ensemble (SPCE) & #:5% | K-means based consensus clustering (KCC) & #:07 NMF Based K-means
clustering ensemble(NBKCE) & 5% I selective clustering ensemble (SCE) &, A, IR B 2% 2] FI 8 2541
gEE WA T — AN B BF ST ) B R 28 (deep clustering) o AN SCXF Fb T 3 T 1% B 58 285 B 455 IR 2R 2 IR
{5 2 M 4% (memetic swarm clustering and deep belief network, MSC-DBN) M g7k %y i B il B2k 2k
FHERF AL 3 A FEE B i, th TR R KTk A G R LI E S5 A I A, K 7E MSC-DBN 52 5 1) 55
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F1 EEEX10XIEH NMI EFHERIER

Tab.1 Comparison of NMI average results for 10 experiments of each algorithm

K -means NMF  Spectral ~ NBKCE KCC SPCE SCE MSC-DBN A 053
COIL20 53. 35 55. 87 56.73 77.33 77. 49 87.73 89. 23 90. 35 90. 75
YaleB32 14. 48 15.78 17. 23 26. 01 34.93 31. 99 33.75 34.23 36. 94
USPS 55. 22 58. 54 60. 59 63. 86 65. 11 — 73.21 70. 53 74.77
Flowers17 17. 29 18. 39 18. 32 25.06 24. 87 27.17 27.03 27.29 26. 94
MNIST 41. 42 43. 36 44. 84 60. 13 59. 06 67.13 75. 39 77. 49 77.92

B B R LA R R R B SRR R R LAY AT TR,
K2 BEZXI10XZIWH ARI FHEREEE

Tab.2 Comparison of ARI average results for 10 experiments of each algorithm

K-means NMF Spectral NBKCE KCC SPCE SCE MSC-DBN ARSCHE
COIL20 48. 85 50. 67 53.23 60. 73 52.53 64. 99 89.23 80. 05 80. 21
YaleB32 9.43 9. 68 9. 84 13.01 15.61 14. 41 11. 53 12. 06 14. 40
USPS 17. 48 21. 25 20. 64 34. 65 33.41 — 58. 25 50. 28 61.88
Flowers17 6. 88 7.98 8.53 9.22 9.51 10. 17 9.93 9. 85 10. 08
MNIST 25.63 34.57 32. 38 40. 53 40. 52 34. 87 59. 07 66. 95 68. 42

3.4 HEXRE

N T 2 BAEAS SR A AN T 2 0 S M RE A SRR L R AT T 2 X RS

D 9 T 8IE ECT X T S 86 45 5K A9 5200, K 48 I Be A e A R B B0 1, 53R AE A AT & T Y 3R
Fefitbr NMI MR AL . A PSS RANPE 4 Bros . AT LA A SCH A9 AU 580 05 2R 28 OR B 8 T A I AL TS
DU BRSO 3 U W] 1 A 53k T DLl 2R IS 445 2R 1 F 45 JeUA R SR P % it T B 6 A T R ) B T L A
A5 2l — A B4 Y R LR

2) T B A D — O pR B 1 T s — A A SR 2R oy B BOAS T R TR AT A
G K-means FIEIN 5> % FCEATE 2 Fii§ B0 T BOIEE], 45 A0 5 Fros . T RUE W6 iR AR Dy — Erk e
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RS 1200 ‘
0 & O A A NI 1000 | W A
O AV = H R N MT
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= 60 - =
Z = 600
400 -
gl I8 5 N §
0 . 0
COIL20  YaleB32 ~ USPS  Flowers17 MNIST COIL20 YaleB32  USPS  Flowersl7 MNIST
B4 AXEZFESFMZLE NMI XL Bs5 AXEZESRERZABEED—BREFER T B E XL
Fig.4 Propose an algorithm to compare with Fig. 5 Comparing the time of the proposed algorithm with
NMI without weighting that of the non-binary graph as a consistent function
4 ZRIE

BT MG IR0, A SCHR T —Fi 2 R AL B NMF AR i 3R 2 B0k 205 16 R )2 ok 0 o T 45 5
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NMF Weighted Ensemble Clustering Algorithm Based on Hierarchical Preprocessing

LI Xiangli'?, BI sheng'®., WANG Peiyuan'
(1. School of Mathematics & Computing Science, Guilin University of Electronic Technology;

2. Guangxi Colleges and Universities Key Laboratory of Data Analysis and Computation;

3. Center for Applied Mathematics of Guangxi (GUET), Guilin Guangxi 541004, China)
Abstract: Image clustering is a hot research topic at present, and nonnegative matrix factorization (NMF) has been widely used in
the field of image clustering. However, a single NMF clustering algorithm can’t be applied to all datasets, and the NMF algorithm
directly processes the original space of the data, which has poor noise resistance. Ensemble clustering can solve the above problems.
Ensemble clustering combines several basic clustering results into a consistent result, which not only improves the quality of
clustering, but also enhances the robustness of the algorithm. Therefore, a hierarchical preprocessing NMF weighted integrated
clustering algorithm is presented. The algorithm introduces the idea of hierarchical division, ensemble clustering and bipartite graph
into the NMF algorithm. In the preprocessing stage, the number of clusters is obtained by hierarchical division. The co-association
matrix is then obtained by local weighting. Finally, the final clustering result is obtained by partitioning using the consistency
function based on the bipartite graph. The algorithm is tested on five datasets to verify the effectiveness of the algorithm over
traditional algorithms and other ensemble algorithms.

Keywords: image clustering; ensemble clustering; nonnegative matrix factorization
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